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Abstract
Due to the similarity in the symptoms of respiratory disorders, an accurate diagnosis could
be a difficult task. Regarding asthma as the main focus of this research, early detection of small
airway impairment could represent a better opportunity for timely diagnosis. An integrated
software package (ISP) based on the impulse oscillometry technique, has been developed to serve
as an important tool for clinicians during classification of asthma severities on children [1].
The current version of the ISP was tested with data obtained during several years by Dr. Homer
Nazeran and Dr. Michael Goldman from 110 Hispanic children [2], providing an accuracy of 88%
during the classification process. The main goal of this research project was to optimize the ISP
incrementing accuracy, adaptability, efficiency as well as compatibility with the newest computer
operating systems. Looking for new techniques to accomplish these goals, genetic algorithms were
incorporated into the software structure as well as other refinements.
The design of this integrated software package was done in modules. This structure gives
the opportunity to test the software at a particular stage, working independently with any module
outside the software to then be able to reintegrate it into the software package. The ISP is composed
of two modules, the first module plays a very important role generating and validating the patient
data by matching the simulated and real data. The data obtained from the first module is the input
of the second module which performs the classification.
This research project focused on developing an upgraded version the first module looking
forward to improve the ISP overall performance. Genetic Algorithms (GAs) were implemented
into the first module during the parameter estimation process. The software package was tested
after the implementation of GAs into the structure to analyze any improvement in accuracy,
adaptability and efficiency.
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The results confirmed an improvement of the overall software performance in terms of
accuracy and efficiency. Improvements in adaptability to new patient data which could lead into a
future expansion of the software to other respiratory system diseases. Finally, the new ISP was
tested on the 110 patient’s data giving an accuracy increase of 7% on the overall performance.
This thesis summarizes the research work, the techniques and process during the upgrade and
optimization of the ISP.
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Chapter 1: Project Objective

1.1

PROJECT OBJECTIVE
During the last few decades, research leaded by Dr. Nazeran and Dr. Goldman has

developed an object-oriented structure of an integrated software package for classification of small
airway diseases (asthma). The software package was developed to provide a user-friendly, reliable,
efficient and flexible research tool to support future projects in pulmonary physiology and
medicine. The integrated software package represents a very important tool for clinicians since
respiratory system diseases are difficult to classify due to the similarity on their symptoms, giving
them the possibility of classifying four different classes of pulmonary severities including: asthma,
small airway disease (SAD), mild SAD (mSAD) and normal. This software package is based on
the impulse oscillometry technique that provides patient information in terms of resistance and
reactance at different frequencies [3]. The software has been designed in a modular fashion, each
of the modules can be extracted to be tested or improved independently.
The first module is responsible for receiving patient data and carrying out the process of
validation and parameter estimation which are essential for the proper functioning of the next
module. The second module is responsible for receiving patient data as well as the estimated
parameters from the first module to perform the classification process.
The software package has been proven to successfully classify asthma on children. Due to
the success obtained and its unique characteristics, our research team seeks to expand and improve
this program to allow utilizing more patient data from children and adults as well as incorporating
new models for classifying other respiratory system diseases.
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In order to prepare and develop a more flexible software, and in preparation for the use of
new data and estimation models, it is necessary to test all of the modules to improve their
performance. The first module of the software package is in charge of receiving the patient data
and comparing it with two electrical modules, providing parameter estimates which are used as an
input to a second module to go through a classification process [4].
The parameter estimation module is crucial for the entire performance of the integrated
software package since it is responsible for validating and comparing the patient data versus the
simulation results supplying accurate information to the classification module which generates the
output of the complete integrated software package. The parameter estimation techniques used in
the previous version are based on the least squares criterion adapted to a particular data and
estimation models, successfully achieving its objective. However, in order to create a flexible and
versatile module capable to work with a wide diversity of data, it is crucial to implement a more
complex and comprehensive parameter estimation technique: Genetic Algorithms are widely
proven to perform an excellent optimization task for a variety of complex problems giving
excellent results due to their characteristics and unique features that perfectly match the
requirements of the project [5]. In this project genetic algorithms were implemented for parameter
estimation obtaining outstanding results successfully developing a module capable to work with
new respiratory diseases data.
The implementation of GA’s on the first module will lead to a more robust system with
less error percentage and less computational cost in comparison with the previous version of the
ISP. An increment on accuracy on the first module will lead to a better and more reliable
classification of asthma diseases.
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Chapter 2: Physiology of the Human Respiratory System

2.1

INTRODUCTION
Every minute a person breaths 12 to 15 times per minute which seems to be a very simple

process. However, respiration plays a very important role since the exchange of gases between the
environment and our body represents millions of factors that can define changes in blood
chemistry, mood, level of alertness, and body activity [6].
The main function of the respiratory system is to provide cells with oxygen while extracting
carbon dioxide. Since the majority of the billions of cells in the body are far away from having
direct access with oxygen, the air has to get first into our blood to be transported and finally the
cells have to achieve the exchange [7]. This occurrence requires the operation of 2 systems, the
respiratory system and the circulatory system. All parts of the respiratory system (except alveoli’s)
function as air distributors. Only the alveoli’s performs as gas exchangers [8].

2.2

THE HUMAN RESPIRATORY SYSTEM
The respiratory system is constituted by structures that function as interchangers of gases

between the atmosphere and blood. Oxygen (O2) is introduced into the body for distribution
through the tissues and carbon dioxide (CO2) produced by cellular metabolism is extracted [9].
The respiratory system is also implicated in the regulation of body pH, which is a protection against
pathogens and inhaled irritants. Vocalization is also an important role of the respiratory system;
moving air through the vocal cords produces vibrations that are used to talk, sing, and shout. The
gas exchange process between blood and atmosphere receives the name of external respiration,
and the gas exchange process between the blood in the capillaries and cells tissues where these
capillaries are located is called internal breath [10].
3

The organs of the respiratory system are the nose, pharynx, trachea, bronchi and lungs.
This system constitutes the lifeline, the air supply line of the body. A brief description of the
structure and function of these organs represents a better general understanding to be able to
discuss the physiology of the respiratory system as a whole [11].
2.2.1 Anatomy of the Human Respiratory System
The gas exchange takes place in the lungs that work as an elastic containers that allows the
oxygen to be carried to the blood through inspiration, and the carbon dioxide is eliminated from
the blood through expiration [11].

Figure 2.1: Respiratory System [9]

Figure 2.1 Organs of the Respiratory System and Cardiovascular System
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Lungs: This respire organs are conformed of an extensible tissue, in which the air from the nasal
and oral cavities is contained to provide oxygenation to the blood [9].
Lower lobe: Section of left lung that is separated from the upper lobe by the oblique fissure [9].
Main bronchus: Channel leading from the trachea that allows air to enter or exit the lungs [9].
Lobe bronchus: Branch of the main bronchus ending in the pulmonary love that divides into
smaller and smaller bronchi’s [9].
Trachea: Musculature cartilaginous tract that is a continuation of the larynx; it divides into two
main bronchi, that allow access to the lungs [9].
Oblique fissure: Deep ridge bounding the upper and lower lobes of the left lung and the back
where visceral pleura lays [9].
Upper lobe: Section of the left lung separated from the lower lobe by the oblique fissure [9].
Terminal bronchiole: Final branch of the bronchus having no cartilage ending into small air
pockets (alveoli) where gases are exchanged with the blood [9].
Pleural cavity: Space between the two pleurae that contains a lubricating fluid (pleural liquid)
that facilitates the elasticity and aids breathing [9].
Parental pleura: Outer elastic layer of the pulmonary casing, it is adhered to the thoracic wall and
the diaphragm [9].
Visceral pleura: Inner elastic layer of the pulmonary casing that covers the lungs and fissures and
provides elasticity that allows lungs to change size [9].
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Figure 2.2 Lungs [9]

2.2.2 Pulmonary Ventilation: Control and Regulation
The ventilatory activity is measured by the volume of air that is inspired or expired per
minute. The volume being transported in a single breath-stream-volume and number of breaths per
minute is known as respiratory rate [6]. The lung ventilation (tidal volume x respiration rate) is
been constantly adjusted to achieve the changing requirements of the organism that can change
from 4 to 5 l/m while sleeping to 120 l/min when doing an intense exercise. Regardless the
exigency or conditions that influence pulmonary ventilation, the respiratory system manages to
respond to each stimulus and meet the requirements of the body [7].

6

2.2.3 Mechanics of Breathing
Respiratory mechanics analyzes the changes of volume within the thorax and lungs, and
the forces associated with these air movements. The respiratory system exhibits elastic and
distensible characteristics that allows the conduction through the organs [12].
The elastic resistance of the lungs is relationship between the volume changes and pressure
changes. The reciprocal relationship is the compliance, that is, the ratio between the volume
change and pressure difference associated with it. Viscous resistance is the ratio between the
pressure difference and the rate of change volume [13].
The study of respiratory mechanics does not only focuses on volume changes but the speed
of them. In terms of speed measurements there are devices like the spirometer, which measures
the volume of air displaced during breathing, and the pneumotachometer, which measures the
speed of the air flow during breathing.
In clinical cases is necessary to resort to the measurements of the maximum capacity in
order to timely detect functional abnormalities of the respiratory system. The measurements of the
maximum volume of air that can be moved in a short time are some of the most common tests of
pulmonary mechanics [14].
It is necessary to measure the volume of respiratory gases to consider the conditions of
temperature, pressure and humidity in which the measurement is made.
Respiratory frequency is one of the factors that determine the magnitude of pulmonary
ventilation and it is a useful clinical sign for a diagnosis [8].
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2.2.4 Gas Exchange
Human cellular respiration is performed in a similar way to a large number of living
organisms. However, each living organism could have a vast variety of techniques or media used
to approach oxygen and remove carbon dioxide.
The human body has a complicated respiratory system, in which the air is transported to a
sufficient proximity with the blood to promote the diffusion of respiratory gases between the
alveolar space and pulmonary capillary.
Alveoli are small polyhedral and hemispherical shape vesicles which are in communication
with the bronchial tree subdivisions. Alveolar walls with few microns thick, are in contact to form
the alveolar septa, which are found in the extensive network of pulmonary capillaries.
Ventilation or movement of air in and out of the lungs renews alveolar air in proportion to
the blood flow to the lungs and the oxygen body requirements. There must be a difference between
the air pressure at the entrance of the respiratory tract and the air in the alveoli for the air movement
to take place [9]. the volume of air that occupies the conducting airways, including, between the
outside and the terminal bronchioles, which are devoid of alveoli more small branches, called
anatomical dead space. In a normal adult anatomical dead space occupies about 150 ml [9].
The gas exchange process begins with the instructions coming from the central nervous
system, stimulating the respiratory muscles. The lungs are not capable to expand or contract on
their own, they depend on the respiratory muscles and the diaphragm. Changes in thoracic volume
during inspiration and expiration take place in this order [9]:
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Inspiration: In this period, the diaphragm and external intercostal muscles contract
causing the rib cage to elevate while diaphragm descends. This changes provoke an increase in the
thoracic cavity volume and the pressure in the alveoli falls [15].
Expiration: During expiration, the respiratory muscle relax coming back to their original
position. The thoracic cavity volume decreases as the elastic lungs recoil increasing
intrapulmonary pressure, the airflow exits the lung until the intrapulmonary pressure is equal to
the atmospheric pressure [15].
The respiratory inspiration and expiration is well explained in Figure 2.3

Figure 2.3 Inspiration and Expiration process [10]
Besides the elastic recoil of the lungs, other physical factors can influence pulmonary ventilation.
Some of these factors include [15]:
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Airway resistance: The major non-elastic source of resistance of the gas flow is the
friction encountered in the respiratory pathways. The relationship between gas flow (F, in L/sec),
pressure (P, in cmH2O) and resistance (R, in cmH2O/L/sec) is given by the following equation
[11]:
(1) [11]

Where ΔP is the ratio of the pressure difference between atmospheric and intra-alveolar pressure.
Airway resistance is inversely proportional to the volume of lungs, it decreases when the
volume of the lung increases and vice versa. During inspiration, the volume of the lungs increase,
and airway resistance decreases. Conversely, in the expiration phrase, the volume of the lungs
decrease and airway resistance increases consequently.
The equation also indicates that gas flow decreases as the resistance due to friction
increases. Gas flow (conduction) stops when the air reaches the small airways with small diameters
at terminal bronchioles, and diffusion takes place as the main force driving gas movement. So the
greatest resistance to gas flow occurs in the medium-sized bronchi [11].
Alveolar Surface Tension Forces: In an environment that includes gas and liquid, the
molecules of liquid are more attached to each other than to gas molecules. This strong attachment
between liquid molecules produces a tension at the surface of liquid, called surface tension, which
binds liquid molecules closer together and reduces their contact with gas molecules. Because of
existence of this tension, the liquid resists any force that tends to expand its surface area. The major
component of the liquid covering the alveolar walls is water, but there is also another component
called surfactant that decreases the cohesiveness of water molecules so that less energy is needed
to overcome the surface tension forces and lungs are expanded during the inspiration.
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Lung Compliance: Elastic recoil property can be measured and quantified by the quantity,
compliance. Elastic recoil is a property of the lungs that embodies their ability to stretch and their
tendency to snap back to their resting position when the stretching forces are removed [12]. In this
research, the compliance we are looking for relates to the volume increment caused by the impulse
oscillation system (IOS). The IOS pressure increment added at the mouth causes this volume
increment. After accounting for resistive pressure loss, the volume increment divided by the mouth
pressure pulse is compliance to be estimated by IOS data and model analysis.
2.2.4 Respiratory Capacities
In order to determine one person’s respiratory status, specific combinations of respiratory
volumes need to be measured, which are called respiratory capacities. These parameters depend
on the amount of air flushed in and out of the lungs during inspiration and expiration. There are
four respiratory volumes important in respiratory capacities measurements [11]:
Tidal Volume (TV): The amount of air flowing in and out of lungs during one normal breathing
cycle. It is about 500 mL in an average adult.
Inspiratory Reserve Volume (IRV): The additional amount of air that can be inspired
forcibly after tidal volume. It is about 2100 to 3200 mL [11].
Expiratory Reserve Volume (ERV): Similar to IRV, it is the additional amount of air that
can be evacuated from the lungs after a tidal expiration. It is normally about 1000 to 1200 mL [11].
Residual Volume (RV): The amount of air remaining in lungs even after maximal
expiration. It can help to keep the alveoli patent open and prevent lung collapse. It is about 1200
mL.
The respiratory capacities consist of two or more lung volumes. There are four respiratory
capacities:
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1. Inspiratory Capacity (IC): The total amount of air that can be inspired after a tidal expiration.
So it is the sum of tidal volume and inspiratory reserve volume.
IC=TV+IRV (2) [11]
2. Functional Residual Capacity (FRC): The amount of air remaining in lungs after a tidal
expiration.
FRC=RV+ERV (3) [11]
3. Vital Capacity (VC): The total maximum amount of exchangeable air that can be exhaled from
lungs after maximum inhalation.
VC=TV+IRV+ERV (4) [11]
4. Total Lung Capacity (TLC): The sum of all lung volumes. It is normally around 6000 mL in
males.
TLC=RV+ERV+TV+IRV=RV+VC=IC+FRC (5) [11]
Figure 2.4 [12] indicates the different respiratory volumes and capacities. Lung volumes and
capacities are smaller in women than in men because of their size difference. They are greater in
athletic people than in average or unfit people.

Figure 2.4 Lung Volume Changes [5]
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2.2.5 Pulmonary Diseases
In normal individuals, breathing takes minimal effort from the body but the pulmonary
system is sensitive to multiple agents that can trigger reactions or diseases. The problems in the
respiratory system happen when there is an abnormality in flowing of air through airways. The
most disabling disorders are chronic obstructive pulmonary diseases (COPD), asthma, lung cancer
and restrictive lung diseases.

Figure 2.5 Chronic Obstructive Pulmonary Diseases [17]
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Figure 2.6 Lung Cancer [20]
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Figure 2.7 Restrictive Lung Disease [21]
Chronic Obstructive Pulmonary Diseases (COPD): This category is the major cause of
death and disability in the United States among all pulmonary diseases. Two main examples of
them are obstructive emphysema and chronic bronchitis shown on Figure 2.5.
Obstructive emphysema starts with deterioration of the alveolar walls (it is the
deterioration of alveolar walls that causes enlargement of alveoli) and the gas exchange area of the
lungs get reduced. The lungs lose their elasticity and the airways collapse during the expiration
and obstruct the outflow of air.
Chronic bronchitis is a long-term inflammatory condition in lower respiratory airways.
The mucosa of the lower respiratory pathways produce more mucus than normal which is the result
of cigarette smoke, air pollutants, or allergens. The air pathways inflame and these responses

15

obstruct the airways and impair lung ventilation and gas exchange. Due to the higher amount of
produced mucus, bacteria thrive in the slugged pools of mucus, so lung infections happen
frequently.
Asthma is a respiratory disorder characterized by single or combination episodes of
coughing, dyspnea, wheezing and chest tightness. Although it may be classified as COPD because
it is an obstructive disorder, asthma is marked by acute exacerbations followed by symptom-free
periods [22]. The cause of asthma has been hard to diagnose. Researchers have found out that the
first step in an asthma attack is the airway inflammation which is an immune response. Along with
this problem, extra mucus is produced and the air flow reduces dramatically. During the asthma
attack, smaller airways get obstructed because of spasms of the smooth muscle in the walls of these
airways. Figure 2.6 [20] shows the difference between a normal airway condition and the airway
condition in an asthma attack.

Figure 2.8 Anatomy of an asthma attack [22]
16

Figure 2.9 Differences between a normal airway and the airway in asthma attack [24]
The bronchiolar diameter reduces more during expiration rather than during inspiration in
an asthma episode. During the asthma attack, the functional residual capacity and residual volume
of the lungs increase. The symptoms of asthma vary in children and adults. Sometimes the
symptoms of asthma are similar to other lung conditions and make it hard to diagnose, but early
detection and proper treatments would be very helpful in lives of people with this disorder.
Lung Cancer: The incidence of lung cancer is associated with smoking since 90% of
patients with this type of cancer are smokers. In a normal person, nasal hairs, sticky mucus and
cilia play a good role in protecting the lungs from chemical and biological irritants, but in smokers
these parts are overwhelmed and stop functioning properly. It will cause the production of more
mucus and increases the risk of infections including pneumonia and COPD. Later on, like other
cancers, the disorders lead to uncontrolled creation of cells. There are several types of lung cancers,
but the most common ones are those involving the epithelial cells lining the bronchi and
bronchioles [20].
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Restrictive lung diseases: Another category of respiratory disease is restrictive lung
diseases characterized by a loss of lung compliance causing incomplete lung expansion and
increased lung stiffness. They may occur either because of an alteration in lung parenchyma or
because of a disease of the pleura, chest wall, or neuromuscular apparatus [25]. In physiological
terms, restrictive lung diseases are characterized by reduced total lung capacity (TLC), vital
capacity, or resting lung volume.
Accompanying characteristics are preserved airflow and normal airway resistance, and
reduced functional residual capacity (FRC). If caused by parenchymal lung disease, restrictive
lung disorders are accompanied by reduced gas transfer, which may be marked clinically by
oxygen desaturation during and after exercise. The many disorders that cause reduction or
restriction of lung volumes may be divided into 2 groups based on anatomical structures. The first
is intrinsic lung diseases or diseases of the lung parenchyma. The diseases cause inflammation or
scarring of the lung tissue (interstitial lung disease) or result in filling of the air spaces with exudate
and debris (pneumonitis). These diseases can be characterized according to etiological factors.
They include idiopathic fibrotic diseases, connective-tissue diseases, drug-induced lung disease,
and primary diseases of the lungs (including sarcoidosis).
The second is extrinsic disorders or extra-parenchymal diseases. The chest wall, pleura,
and respiratory muscles are the components of the respiratory pump, and they need to function
normally for effective ventilation. Diseases of these structures result in lung restriction, impaired
ventilator function, and respiratory failure (e.g., neuromuscular disorders).
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Chapter 3: Impulse Oscillometry System (IOS)

3.1

INTRODUCTION
Forced oscillation technique (FOT) is an important tool for the investigation of respiratory

mechanics in clinical practice [26]. FOT is a noninvasive, versatile and reliable tool to obtain
differentiated tidal breathing analysis. In contrast, most of the methods of lung function testing
usually required a maximum cooperation of the patient which made these methods uncomfortable
for patients.
FOT has a greater sensitivity to peripheral airway diseases, in contrast to spirometry that it
is not a reliable method for peripheral airway recognition.
The main focus of this chapter is to review the measurement of the respiratory input
impedance using forced oscillation techniques for clinical applications.

3.2

METHODOLOGY OF IMPULSE OSCILLATION TECHNIQUE
The forced oscillation technique was developed by Dubois in 1956. Airflow obstruction

information was obtained using a superimposed pressure burst measuring the respiratory
impedance (Z). During all of these years many improvements of this technique have been achieve
in terms of oscillation frequencies, measurement methods and evaluation principles [27].
Current impulse oscillation techniques allows the user to measure up to 10 impedance
spectra per second which is the main feature making it a better technique than other FOT pulses.
Impulse oscillation techniques are able to generate forced signals with the minimum power loss
due to its electronic and mechanical structures [27].
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3.2.1 Peculiarities of aperiodic waveforms
Impulse oscillation method utilizes an impulse generator that applies aperiodic waveform
producing pressure pulses with a duration of 30 to 40 ms with limited magnitude. Fourier integral
is applied to the aperiodic pressure/flow signal producing a continuous spectrum as the domain
frequency representation utilizing the fast Fourier transform algorithm. In order to have cycling
flow signals into the pulmonary system it is necessary to have cyclic pressure impulse shaped
waveforms with a duration of 200msec/cycle to 5 pulses/sec. Figure 3.1 represents the respiratory,
reactance and coherence spectra between 3 and 35 Hz of a normal adult using the impulse
oscillometry system.

Figure 3.1 Representative data for spectra of respiratory resistance, reactance and coherence
Continuous spectra has infinite frequency resolution giving a better visualization allowing
the detection of respiratory system abnormalities in the regional nonhomogeneities. Figure 3.2
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represents the power spectra of flow and pressure with a frequency range of 0.1 to 35Hz generated
by the IOS.

Figure 3.2 Power spectra of flow and pressure for impulse-shaped forcing signal generated by IOS.

3.2.2 Impulse oscillometry system
The schematic diagram of the impulse oscillometry system (IOS) describes the main
features in which an oscillating flow is generated by the pressure impulses that are conducted into
the airways [28]. The devices is able to read the signals of pressure and flow while filtering the
signals produces by the oscillating flow. The filtered signals are used to calculate respiratory
impedance. The figure 3.3 represents the impulse oscillometry system schematic diagram. Since
there are two channels measuring pressure and flow matched transducers of the same type have
been utilized to avoid any phase difference in both channels [28].
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Figure 3.3 IOS schematic diagram

3.3

INTERPRETATION OF OSCILLATION MECHANICS
The airflow (V) into the lungs and the air pressure (P) at the entrance of the respiratory

system represent the respiration process as two-dependent variables. The following function shows
the relation between complex amplitudes at a given angula frequency which is a complex
“impedance” (Z) representing the air flow rate response to oscillatory perturbations due to external
pressure.
𝑍(ɷ) = 𝑍𝑟 (ɷ) + 𝑗𝑍𝑥 (ɷ) [3]
The two flow and pressure channels of the FOT allow thes measurement of the respiratory
system flow, pressure and the signals from the imposed forced oscillation.
Respiratory impedance is defined as the ratio of pressure and flow. In this case, this ratio
represents the imposed forced oscillations once they are discriminated from the respiratory
pressure, flow and its harmonics [28].
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3.3.1 Respiratory Resistance
Respiratory resistance is the change in air pressure over flow in the mechanical context,
this expression is equivalent to the Ohm’s law in electrical which is voltage over flow [28].
R=ΔP/Q
In this case the central and peripheral airways as well as lung tissue and chest wall
resistance are part of the resistance component of the respiratory impedance (R) [28]. Low
frequency measurements demonstrate that the respiratory impedance is almost independent,
however measurements at higher frequencies produce a little increase of upper airways shunt
effect. Also, R increases above normal values produced by an obstruction of the central or
peripheral airways [28].
A frequency dependence of resistance occurs due to that fact that central airways
obstruction may increase R independent of oscillation frequency while R is the highest at low
oscillation frequencies during peripheral airway obstruction falling when frequency increases [28].

3.3.2 Respiratory reactance
Inertance (I), capacitance (C), mass-inertive forces of the moving air in the conduction
airway, and the elastic properties of lung periphery represent the reactance component of the
respiratory impedance (R). The relation between the magnitudes of these parameters is represented
on the following formula.
X(f) = ɷI – (1/ɷC) [3]
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The inertance is related to the mass of air (pressure over change in flow with respect to
time) in mechanical terms and it is equal to voltage over the changes of current from an electrical
point of view.

I = ΔP / (dQ/dt) [3]
L = V / (di/dt) [3]
The compliance (in mechanical terms) is the volume increment divided by the pressure
Increment and, in electrical terms, it is the accumulated electrical charge divided by changes in
voltage.
C = Volume / ΔP (6) [3]
C = Q/ ΔV (7) [3]

3.4

RESPIRATORY IMPEDANCE MODELLING
Over the years equivalent electrical circuit models representing the respiratory system’s

resistances, inertances, and compliances have been developed based on the IOS frequencydependent impedance values. These impedance values are represented as curves that provide a
great visualization to distinguish a healthy respiratory system from a diseased one.
Six models have been developed and tested from our research group observing the fitting
error performance with parameter estimation procedures applied to respiratory ailments data from
adults. Based on the acquire results, two of these models were identified by its good performance
providing parameter estimates that are physiologically more realistic, these models are the
extended RIC (eRIC) model and the Augmented RIC (aRIC) model [29].
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3.4.1 RC model
This model represents the resistance of the airways and the compliance of the alveoli.

Figure 3.4 RC model
Z = R-j/ɷ,C

Where j = √−1

[3]

3.4.2 DuBois Model
This model represents the airway resistance (Raw) , tissue resistance (Rt), airway inertance
(Iaw), tissue inertance (It), tissue compliance (Ct) and alveolar compliance (Cg) as shown in the
following figure.

Figure 3.5 DuBois Model [3]
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The impedance of the circuit is:

[3]

3.4.3 Mead Model
This model represents respiratory parameters as lung inertance (𝐼), Central resistance (𝑅𝑐 ),
peripheral resistance (𝑅𝑝 ), lung compliance (𝐶𝑙 ), chest wall compliance (𝐶𝑤 ), bronchial tube
compliance (𝐶𝑏 ) and extrathoracic compliance (𝐶𝑒 ).

Figure 3.6 Mead Model

The impedance of the circuit is:

[3]
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Where,

Meanwhile,

[3]

3.4.4 Extended RIC Model
This model is an improved version of the RIC model, which has additional peripheral
resistance (𝑅𝑝 ) in parallel to the peripheral airways compliance that simulates the respiratory
system’s small airways.

Figure 3.7 eRIC Model [3]
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The impedance of the circuit is:

[3]

3.4.5 Augmented RIC Model
This model is an improved version of the eRIC which could be a simplification of the
Mead’s model when having very large lung and chest wall compliances. It includes an additional
parameter (𝐶𝑒 ) which represents any extrathoracic compliance. This extra parameter provides an
increase of the real part of the impedance at the respiratory system due to upper airways shunt
effects as observed in IOS data.

Figure 3.8 aRIC Model
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The impedance of the circuit is:

[3]
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Chapter 4: Model Parameter Identification and Model Validation

4.1

NEED FOR THE OPTIMZATION ALGORITHMS
As mentioned in previous chapter, the eRIC and aRIC models provided a better

performance and were selected as the best two for the parameter estimation process. However,
those models have unknown parameters that are difficult to derive from engineering principles or
trough experimental tests. Therefore the identification of these unknown parameters represents a
very important part of the project.
These model parameters were designed to be adjusted within an optimization process to
enable the simulation results to match as closed as possible with the experimental tests. The IOS
provides data in terms of Resistance and Reactance at frequencies 5, 10, 15, 20, 25 and 35 Hz, and
it was used to estimate the model parameters. As an example, the table 4.1 provides the resistance
and reactance values of lungs obtained from a 13 years old girl with 60.5 inches height with a
weight of 103.6 pounds taken before and after the bronchodilator within 5 to 35 Hz. Optimization
can be accomplished by many algorithms for specific type of applications and problems. In this
project the main optimization goal is to minimize an objective function which is the difference
between the simulated and experimental results.
This project demands two basic requirements to achieve optimization. First of all, the
optimization algorithm must be able to find the global minimum because as in many other
applications a trapped solution in a local minima could represent a risk in the performance of the
optimization process. Finally, another important factor to consider while choosing the appropriate
algorithm is the time cost.
The main objective of the project is to identify unknown parameters of a model, knowing
its structure utilizing optimization algorithms.
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4.2

OVERVIEW OF THE OPTIMIZATION ALGORITHMS
One of the most basic direct search algorithm utilized to find the minimum value is the

brute-force search. This algorithm initialize by guessing the minimum possibility of parameters
and increases or decreases step by step in each iteration searching for best solution. This could be
the simplest algorithm but also the slowest optimization method and having more than two
parameters the results depend on the initial guesses.
Linear search is an optimization method, which is one of the two basic iterative approaches
while finding a local minimum. This strategy is used to solve linear optimization problems where
the linear constraint function defines the feasible domain. Currently, computation technologies are
able to solve the optimization problem in this project; in particular, genetic algorithms (Gas) and
particle swarm optimization (PSO).
Genetic Algorithms are direct search algorithms based on the natural selection and
evolution in nature principles where the fittest is able to survive. GAs produces a random
population and is able to approach a global optimal solution in a number of new generations.
Individuals on new generations are ranked by their fitness level leading to a solution based on
evolution of individuals.
Particle swarm optimization is based on social psychological principles where an
individual can share information with others and learn from local and global best. Basically, the
individual is able to move through the search space oriented by the successes leading to a solution
after a number of generations.
The main objective of this research work is to find the best parameter estimation method.
Genetic algorithms are very common and well proven solution for sophisticated variety of
problems providing a successful performance. GA was selected because of its features and
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characteristics that match the requirements for our problem and obtain a satisfying overall project
success.

4.3

THE STUDY OF GENETIC ALGORITHMS
This section provides an overall idea on how GAs work, and simulation studies proving

the excellence performance of this algorithm for the main goal of this project.

4.3.1 Working Principle of GAs
The basic components on the genetic algorithms structure are selection, crossover and
mutation. This genetic operators work together towards a fitness function validation. To initialize
the process, a random population is created. In order to obtain a variety of individuals it is
important to create a big enough population to increase the possibility of diversity among the
individuals but small enough to reduce the time cost of the process. Typically, a population
includes between 20 and 100 (Chipperfield, Fleming et al. 1994A).
Figure 4.1 represents the flowchart of the GAs process, which creates a random population
that is evaluated by their fitness, and its process through the operators improving the fittest finding
the best individuals as the output.
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Figure 4.1 Flowchart of a Simple Genetic Algorithm (Pham and Karaboga 1998)
In the project the fitness function evaluates the performance of the individuals, ranking
them by the lowest numerical value which leads to the minimization objective of the problem.
The first operator plays a very important role selecting the best individuals corresponding
to their fitness value. The selected individuals are then used to create copies for the next generation.
The main goal is to obtain better individuals through a number of generations that allow the
minimization of the problem. GAs have two mainly ways to select individuals: Roulette Wheel
Selection (RWS) and Stochastic Universal Sampling (SUS).
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The selected individuals are recombined (crossover) following the genetic principles where
a combination of the parent’s genes is used to create two new individuals. This new individuals
will have inherit information from their parents. Uniform crossover, cycle crossover, two-point
crossover and one-point crossover (Pham and Karabonga 1998) are the four main ways to do the
crossover process.
The third operator used on this process is mutation. This operator is different from
crossover since it creates one new individual from an old one instead producing two new
individuals from their parents. Like its name suggest, mutation refers to a random change of an
individual. In this case the change is made on the individual’s bit values that are randomly reversed
following a specified feature. This new individuals provides a better probability to find the global
best solution since it helps to avoid local optimums.
.

Figure 4-2 represents an example of two-point crossover and mutation process
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The second generation is created after the mutation which is the third and last GA’s operator. Each
new generation will be evaluated with the fitness function and the process will continue until the
individuals provide a successful minimization of the problem or a number of generations is
exceeded depending on the way it is configured to work.

4.3.2 Simulation Studies of Genetic Algorithms
The official toolbox in Matlab was employed on this project. It offers many features and
tools that match with the project requirements. Simulations were created to test its performance
and demonstrate it would be a reliable tool for this project. The two most common functions
(Rastrigin function and Rosenbrock function) were implemented to test the affectivity of this
algorithm due to the complexity of these non-linear functions.

1) Rastringin function
This function is a very common example of the non-linear multidomal problem with many
local minima. Since the main goal of the research project is to find the global minima, this is a
perfect example of the problems we will encounter expanding the ISP with new models.

[31]
In this function n is the dimension of the problem and

are the coefficients to be

identified. The figure (X) represents the Rastringin function in a 2-dimensional plot and its contour
plot showin maxima and minima.
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Figure 4.3 Two-dimensional Ranstringin’s Function (MathWorks Inc. 2014)
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Figure 4.4 Contour plot of Ranstrigin’s function (MathWorks Inc. 2014)

During the simulation process, a ten dimensional Rastringin’s functions was adopted. The
function (X) show the performance in their of generation vs fitness value, GA’s is able to find the
global optimum value at 700 generations.
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Figure 4.5 GAs performance (Rastringin Function)

2) Rosenbrock function
This function has unique features making it a perfect example for testing Optimization
algorithsms. Finding the global minimum is quite difficult due to its uniform shape. The
Rosenbrock function is defined by:

[32]
In this function n is the dimension of the problem and

are the coefficients to be

identified. The figure (X) represents the Rosenbrock function in a 2-dimensional plot. A ten
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dimensional Rosenbrock functions is adopted for this simulation. Figure (X) represents the
performance of finding the global minima at 300 generations.

Figure 4.6 2-dimensional Rosenbrock function (MathWorks Inc. 2014)
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Figure 4.7 GA performance (Rosenbrock function)

4.3.3 Non-linear least squares vs Genetic Algorithms
In previous version of the IOS non-linear squares algorithm was used to estimate the
unknown electrical model parameters. The non-linear least squares is based on the interiorreflective form of Newton’s method. The main problem is that non-linear least squares is great
finding local minima but it is not applicable finding a global minimal, which is one of the main
prerequisite for this research.

40

Figure 4.8 Local Minimal Problem
The main problem with the least squares algorithm is that it is easy to get stuck on a local
minimal. Figure 4.8 represents an example of this problem were the points (0,0.0) and (4,0.6)
represent a local minimal, since an initial point could be a random number there is a big possibility
to approach the point (4,0.6) getting stuck miss-classifying it as a global minimal.
In order to find a global minimal, an initial parameter estimate vector was produced by a
random number generator with values ranging uniformly from 0 to 5, to .5 and to .05 for the
resistances, capacitances and inductance, respectively. This process was then repeated at least forty
more times per model for each set of test data to find the parameter estimates minimizing the error
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function, with the program stopping each time when the error value changed by less than a factor
of 10−9 from one iteration to the next one. Basically, the random generator will be running willing
to approach a global minimal, which could work for simple models only.
This technique was utilized on previous version of the module providing good results,
however since the main goal of the project is to optimized the software to be expanded with new
patient data, non-linear least squares algorithm does not provide a suitable solution having a huge
time consumption. On the other hand, GAs are well proven to optimized very complex problems
with a short period of time.

Figure 4.9 Represents the Schwefel function.
Trying to find a global minimal can be very time consuming utilizing a random generator
which has to run many times before been able to find a global minimal since it has to compare
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itself every time. On the other hand, the structure of GA’s is designed to avoid local minimal
utilizing selection, crossover and mutation. As shown on figure 4.10, in only a few generations
GAs is able to minimize the function from 0 to -60.

Figure 4.10 Schwefel Function Optimization
Figure 4.10 represents the number of generations vs the fitness value while looking for the
global minimal of the Schewefel function (Figure 4.9). The performance of GA’s is excellent
finding the global minimal in only 60 generations. On the other hand, non-linear least squares was
implemented on the same function with a random generator as shown in Figure 4.11.

43

Figure 4.11 Non-linear least squares performance
Running the non-linear least squares was often stopped getting stuck on local minimal
causing a huge time consuming while trying to find the global minimal requiring many iterations
before hitting the objective.
Since the main goal is to create an adaptable structure of the software to be able to be
expanded in the future, it is necessary to optimize the module to be able to support patient data.
GAs provide a solution as a global optimization, it’s been proved during many years to be a robust
technique capable of solving a very complex functions.
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4.3.4 Algorithms Performance
Running the GAs and Non-linear least squares on the same models at same frequencies.
The average error utilizing nonlinear least squares on the previous version of the ISP during the
parameter estimation was 0.18 with 40 iterations, On the other hand the average error
implementing GA’s was 0.125 accomplished on 24 generations.

Figure 4.12 GA’s performance during the parameter estimation process

Figure 4.13 non-linear least squares performance during the parameter estimation process
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4.4 MODEL PARAMETER IDENTIFICATION

4.4.1 Implementation of Genetic Algorithms and Experimental Data sets
The Global Optimization Toolbox of Matlab developed by Mathworks Inc. was
implemented to estimate the unknown parameters of the eRIC and aRIC models.

Figure 4.14 Process of Parameter Identification

In this process, experimental data from the IOS (impedance) is compared with the
simulated impedance from the electrical models. The fitness function represents the error between
experimental and simulated results, the main goal of GA’s is to minimize the fitness function. In
other words, our objective is to minimize the error with each random generation until the error is
very close to zero.
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Where:

𝑍𝑅 = Experimental resistive impedance values

𝑍𝑅,𝑒𝑠𝑡, = Estimated resistive impedance values

𝑍𝑥 = Experimental reactive impedance values

𝑍𝑥,𝑒𝑠𝑡 = Estimated reactive impedance values

As mentioned in Chapter 3, the two better models used in this research are the eRIC and
aRIC models. The average values of the IOS measurements (Resistance and Reactance at
frequencies 5, 10, 15, 20, 25 and 35Hz) were used to estimate the model parameters for these
models.
Table 4.1 represents an example of the respiratory system resistance and reactance at
different frequencies recorded with IOS in pre-bronchodilation and post-bronchodilation of a 13
years old girl before and after inhaling the bronchodilator in 5 to 35 Hz frequency range are shown.
The PRE and POST measurements show an example of the impedance change when there is an
airways obstruction in the respiratory system, as shown in table 4.1 impedance is lower after
inhaling the bronchodilator.
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Table 4.1 An example of respiratory system resistance and reactance at different frequencies
recorded with the IOS in pre-bronchodilaton and post-bronchodilation.
R10
R15
R20
R25
R35
X5
X10
X15
X20
X25
X35
TEST R5
(Ω)

(Ω)

(Ω)

(Ω)

(Ω)

(Ω)

(Ω)

(Ω)

(Ω)

(Ω)

(Ω)

(Ω)

PRE

0.59

.054

.049

.043

.042

0.52

-0.18

-0.07

-0.07

0

0.09

0.24

POST

0.44

0.41

0.38

0.36

0.37

0.44

-0.1

-0.01

0.01

0.07

0.14

0.27

Based on experimental data from table 4.1, the Genetic Algorithm estimated the parameters
of the aRIC model, R (resistance of the large airways), Rp (peripheral resistance), I (inertance of
the air column), Cp (compliance of peripheral airways) and Ce (extrathoracic compliance), and the
eRIC model (R, Rp, I and C).

4.4.2 Parameter Estimation Process
The Global Optimization Toolbox from Matlab was utilized during this process for testing.
The optimization toolbox offers a big variety of options that were adjusted to provide the best
results. The fitness function can only have one input (X). Our function has to be adjusted utilizing
pointers which represent an address in order to call needed variables from other functions. In this
particular case, we utilized pointers in order to get the patient data into the fitness function. Once
the fitness function has the real data (patient data), the input of the fitness function (X) which
represents the random individuals generated by the GA’s completes all the variables to calculate
the error. The random individuals pass through the fitness function to be evaluated. The output of
the fitness functions is analyzed by the GAs structure to determine the performance of the
individuals during the error minimization method.
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Based on testing different configuration of the GAs. The following values provided the
most accurate results.
Table 4.2 GAs Optimization Toolbox Options

The population was selected to 200, this allows the genetic algorithm to find a global
minimal in a short time. On the other hand, a huge population not necessarily will lead to a faster
process because each of the individuals has to go through a process that could take a long time.
Stochastic function is the default GA’s function which describes the approach to the results based
on probability. In this particular case, 40 generations were enough to provide an excellent result.
Finally, the function and constraint tolerance are the most common and default values giving a
very high accuracy.
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4.4.3 Model Parameters
The unknown parameters of the electrical models are identified using Genetic Algorithms
providing more data for the classification module. The parameter estimations for the IOS data set
based on the aRIC and eRIC models are presented in tables 4.2 and 4.3
Table 4.3 Results of running augmented RIC parameter estimation model on data sets given
in table 4.1.
TEST
PRE
POST

R (ohms)
0.34224
0.31821

𝑹𝑷 (ohms)
0.37215
0.23541

I (H)
0.001834
0.001531

C (c)
0.041998
0.10074

𝑪𝒆 (c)
0.002725
0.002406

Table 4.4 Results of running extended RIC parameter estimation model on data sets given
in table 4.1
TEST
PRE
POST

R (ohms)
0.4456
0.38143

𝑹𝑷 (ohms)
0.44093
0.38788

50

I (H)
0.001087
0.001172

C (c)
0.08616
0.1735

Chapter 5: Results and Discussion

5.1

RESULTS
The Genetic Algorithm was tested selecting extended RIC at frequencies from 5-35Hz, the

unknown parameters were estimated providing an excellent result and accuracy. Figure 5.1, and
Figure 5.2 show the GA’s process performance.

Figure 5.1 Representation of Generations vs Fitness value, where the fitness value or global
minimal is found producing only 40 Generations.
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Figure 5.2 Represents the Current best individual for each unknown variable, and the average
distance between the selected individuals while finding the fittest.
The GA’s performance was tested and validated with the eRIC and eRIC models and
patient data. A validation was performed utilizing the data from table 4.2, GAs were tested
performing parameter estimations with the goal to match as closed as possible the experimental
impedance a frequencies from 5 to 35 Hz. Figure 5.3, 5.4 represent the performance of GAs
optimizing the problem.
During the parameter estimation process, GA’s provided an average error of 0.11 on the
eRIC model and 0.0014 error on the aRIC model. In comparison with the previous version giving
an average accuracy of 0.14 on the eRIC model and 0.003 on the aRIC model.
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Figure 5.3 GA’s performance validation

Figure 5.4 GA’s Performance
GA’s algorithms implementation on the first module produced an increase in accuracy of
an average of 10%. On the other hand, this accuracy was accomplished on 25 generations in
comparison with 40 iterations on the previous version.
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Based on the data from table 4.2 the unknown parameters were estimated based on the
extended RIC and augmented RIC models implementing GA’s, as shown in table 5.1 and 5.2.

Table 5.1: Results of running augmented RIC parameter estimation model on the data sets given
in table 4.2
TEST
PRE
POST

R (ohms)
0.34224
0.31821

𝑹𝑷 (ohms)
0.37215
0.23541

I (H)
0.001834
0.001531

C (c)
0.041998
0.10074

𝑪𝒆 (c)
0.002725
0.002406

Table 5.2: Results of running extended RIC parameter estimation model on the data sets given in
table 4.2
TEST
PRE
POST

R (ohms)
0.4456
0.38143

𝑹𝑷 (ohms)
0.44093
0.38788
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I (c)
0.001087
0.001172

C(c)
0.08616
0.1735

5.2

INTEGRATION TO THE SOFTWARE PACKAGE
The integrated software package developed by our research team was developed in a way

that could be upgraded any time base on the independent modules structure. MATLAB compiler
allows us to build an executable or a share library from a MATLAB application or program.
Executables and libraries created with the MATLAB compiler use a runtime engine called the
MATLAB compiler runtime (MCR) provided with MATLAB compiler for distribution with
applicants and can be deployed for free. In the developed ISP, the MATLAB codes were compiled
with MCR and used as dynamic link libraries (in .dll format) inside the software. In order for us
to introduce this new upgraded module, the matlab code was recompiled and the new .dll file was
placed on the same folder were the software was installed.

5.3

IMPACT OF THE UPGRADED FIRST MODULE ON THE OVERALL ISP PERFORMANCE
The implementation of the GA’s on the first module improve the overall performance of

the ISP. Testing the previous version of the software on 110 patient’s data in comparison with an
expert clinician diagnosis. The results provided an 88% of accuracy with the previous version. The
same patient data was tested with the upgraded version providing an accuracy of 95%.

Figure: 5.5 Accuracy Improvement
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5.3

DISCUSSION
The determination of the unknown parameters is crucial for the classification of small

airway diseases in the integrated software package. GAs were proven to be an excellent and robust
algorithms capable to work with new fresh data due to its ability to readjust itself based on the
genetic nature. The increment in accuracy on the parameter estimation process leaded into an
overall increment accuracy during the patient data classification.
The implementation of GA’s into the first module provided an increase of accuracy during
the patient data classification of 7%. This accuracy could be improved even more by upgrading
the second module which performs the classification. During the development of the second
module the 110 patient’s data was utilized during the learning process of the Co-active neural
networks fuzzy logic system.
Since the accuracy of the second module highly depends on its training process, new patient
data will greatly increase its performance.
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Chapter 6: Conclusions and Future Enhancements

6.1

CONCLUSIONS

The aim of this research was to optimize the overall performance of the ISP. The software package
was developed in modules, which provided the opportunity to test the software at a particular stage
independently. GA’s were implemented on the first module which is in charge of the parameter
estimation of the models that represents the respiratory system behavior. The results of the
upgraded module provided an increase in accuracy of an average of 10%. In terms of timing the
new ISP was tested to analyze speed, performing the classification in an average time of 8 seconds
in comparison to 10 seconds using the previous ISP under the exact same computer hardware and
software features.
The implementation of the GA’s on the first module showed a positive impact over the
overall performance of the ISP. Testing the previous version of the software on 110 patient’s data
in comparison with an expert clinician diagnosis. Dr. Goldman was our expert clinician, He is one
of the pioneers on this research and performed the diagnosis based on his expertise as well
consulting other specialist to compare validate the results. The results provided an 88% of accuracy
with the previous version. On the other hand, the same patient data was tested with the upgraded
version providing an accuracy of 95%.
GA’s were proven to be a robust technique that successfully accomplished the
requirements of the ISP. Its implementation lead to an upgraded and optimized software package
capable to work with new patient data providing greater accuracy.
This new version of the ISP represents an accurate, adaptable and efficient computer
software package that can be a crucial tool to aid clinicians during the complicated task of
diagnostic of the respiratory system diseases.
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6.2

FUTURE ENHANCEMENTS
The designed, developed and well-tested ISP serves as a valuable and user-friendly

research tool to support the investigations or our research team in biomedical engineering,
pulmonary physiology and medicine. One the main goals of the integrated software package is to
be expanded to be able to classify asthma on adults and other type of respiratory system diseases.
One of the main goals of our team is to expand the software to be able to detect asthma on
adults as well as other type of respiratory diseases.
In order to obtain an increase in accuracy, new data will lead into a upgraded classification
module. The weights of the links in a neural network are more accurate when it is trained with
more data patterns in the training phase. Based on this theory, one of the next primary missions is
testing the ISP with more training data patterns in order to improve its classification performance.
The current training data patterns are recorded from 110 children with different asthma severity
problems between the ages of 5 and 17 in El Paso Texas [12].
The graphical user interface is another part of this software development process that the
developers want to improve to display the anatomical locations of the classification results in a
three dimensional way.
Some of the desired future directions would be development of a long-term investigation
program into quantitative screening, diagnosis, monitoring and classification of respiratory
diseases in the US-Mexican border region. Generation, documentation and annotation of a large
database on different respiratory diseases to improve the quality of respiratory health care in the
region and promote community-based health awareness programs are at the core of our research
team research mission.
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